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In Brief
Salazar-Gatzimas et al. examine how a widespread visual motion illusion is encoded by Drosophila's earliest direction-selective cells, T4 and T5. The encoding reveals response patterns that reflect regularities in the motion of natural scenes. Decorrelation of parallel channels can explain this organization of responses in early motion detectors.
INTRODUCTION
As the natural world moves across the retina, it generates spatiotemporal contrast patterns that provide information about the direction and speed of the motion [1] [2] [3] . In many circuits, including those in mouse retina and in flies, two parallel pathways encode motion in the horizontal plane [4, 5] . These two parallel motion detection pathways respond strongly to either light or dark moving edges. Because moving light edges consist of sequential increments in contrast (ON-contrasts) and moving dark edges consist of sequential decrements in contrast (OFF-contrasts), the edge types are termed moving ON-and OFF-edges. Likewise, the two motion pathways are often termed ''ON'' and ''OFF'' pathways ( Figure 1A ).
Despite the ON and OFF monikers of these motion pathways, a well-known motion illusion, named ''reverse-phi,'' is observed in many animals and is induced by stimuli that combine both ONand OFF-contrasts [6] [7] [8] [9] [10] . In this illusion, one point in space becomes darker (or brighter) than average, after which a neighboring point in space becomes brighter (or darker) than average. Surprisingly, this reversal from OFF-to ON-(or ON-to OFF-) contrast generates motion percepts in humans, non-human primates, fish, and flies in the direction opposite the stimulus displacement, leading to its characterization as a motion illusion [6] [7] [8] [9] 11 , 12] (Video S1).
For reverse-phi illusions to be perceived, motion detectors must incorporate information about both the ON-contrasts and the OFF-contrasts in the stimulus. Indeed, some models have argued that processing both ON-and OFF-contrasts is functionally advantageous to motion detection [2, 11, 13, 14] . Nevertheless, it remains unclear how interacting ON-and OFF-contrast signals in reverse-phi stimuli are processed by direction-selective cells in ON-edge and OFF-edge processing pathways. In this study, we investigate how and where ON-and OFF-contrasts are combined to generate motion percepts in the fly, and we use model and neural responses to natural image motion to understand how the organization of motion detection in the fly relates to natural scene statistics.
We study these interactions using apparent motion stimuli, a canonical decomposition of visual motion into simpler spatiotemporal contrast patterns [6, 11] (Figures 1A and S1 ). Apparent motion stimuli have long been used to characterize direction-selective behaviors and neural signals, notably in the beetle, where they inspired the Hassenstein-Reichardt correlator (HRC) model of motion detection [6] , and in rabbit retina, where they supported a veto model of motion detection [15] . More recently, apparent motion stimuli have been used to probe primate cortical responses [9, 16] and to probe the fly's direction-selective behavior and neural responses [11, 17, 18] . Each apparent motion stimulus comprises a sequential contrast change at neighboring points in space ( Figure 1B) , and the full suite of eight stimuli represents all possible contrast-displacement combinations. Specifically, ''phi'' stimuli consist of pairs with like contrasts ( Figure 1B, top) , for instance, an ON-ON contrast pairing in which the first point shows a contrast increment before the second point also shows a contrast increment. ''Reverse-phi'' stimuli consist of pairs of opposite contrast ( Figure 1B, bottom) , such as the first point being ON-contrast and the second being OFF-contrast. As a result, apparent motion stimuli provide a (legend continued on next page) straightforward way to study how direction-selective responses integrate the ON-and OFF-contrasts in reverse-phi stimuli and how this relates to the processing of phi stimuli. Drosophila, with its well-studied anatomical and functional connectivity, provides new opportunities for determining how ON-and OFF-contrasts combine to generate reverse-phi motion percepts. The fly's earliest direction-selective cells, T4 and T5, retinotopically encode ON-edge (T4) and OFF-edge (T5) motion in each cardinal direction [19, 20] . Downstream of T4 and T5, wide-field neurons combine their ON-and OFF-edge responses and are known to respond to reverse-phi stimuli [21] , but it is unclear where those responses first emerge. Upstream of T4 and T5, neurons are segregated into separate subcircuits that show varying degrees of rectification and center-surround antagonism [22] [23] [24] [25] . Intriguingly, although most of the inputs to T4 neurons [26, 27] are weakly rectified ON-center cells [24] , one major input to T4 is an OFF-center cell [22, 28] . Thus, information about OFF-contrasts is contained within the ON-edge T4 pathway. Likewise, the OFF-edge T5 neuron has been shown to hyperpolarize to ON-contrasts, indicating that it receives ONcontrast information [29] . Furthermore, linear receptive fields of T4 and T5 have both positive and negative lobes [13, 30] , which are consistent with a functional integration of ON-and OFF-contrasts but could also result from rectified inputs of a single polarity [30, 31] . Moreover, the responses to the four reverse-phi motion stimuli in Figure 1B appear to differentially associate with the ON-and OFF-edge selective motion pathways [11, 18] .
Here, we measure apparent motion responses in the four elementary motion detectors encoding horizontal motion in flies: T4 and T5 neurons selective for progressive (front-to-back) and regressive (back-to-front) motion. We find that these neurons respond direction selectively to apparent motion stimuli with displacements both in the neurons' preferred and null directions and spanning positions that include at least three points in space. Interestingly, the four neuron types each encode a specific pairing of phi and reverse-phi stimuli, so that one neuron type responds strongly to each of the eight apparent motion stimuli. By using a modified HRC model to understand the contrast patterns present in moving natural scenes, we found that the response pairings of phi and reverse-phi in T4 and T5 reflect regularities in naturalistic inputs that allow the neurons to encode decorrelated spatiotemporal contrast patterns in naturalistic motion. Thus, because signal decorrelation leads to both ON-and OFF-edge selectivity and the pairing of phi and reverse-phi we observed, we suggest that signal decorrelation is more fundamental to visual motion pathways than selectivity for ON-or OFF-edges. Decorrelation could thus be a general principle underlying the organization of parallel sensory circuits.
RESULTS

T4 and T5 Neurons Are Required for Behavioral Responses to Apparent Motion
To establish that T4 and T5 are involved in the generation of the optomotor turning elicited by apparent motion stimuli, we used a rig that measured fly-walking behavior on an air-suspended ball ( Figure 1C ). This rig allowed us to record turning responses in wild-type flies and in flies with T4 and T5 silenced. We used apparent motion stimuli consisting of two adjacent, 5 -wide vertical bars that appeared sequentially on a mean gray background. The bar pairs were presented periodically with a period of 40
, and within that period could appear at any of 8 positions with 5 spacing. Each bar had either an ON-or OFF-contrast, corresponding to white or black bars ( Figure 1D , stimulus plots, Video S2). The lagging bar appeared 150 ms after the onset of the leading bar and was displaced either to the left or to the right of the first bar. Both bars disappeared one second after the appearance of the leading bar. This defined eight bar pair combinations:
where (+) indicates ON-contrasts, (-) indicates OFF-contrasts (as they are positive or negative contrasts compared to the zero-contrast mean gray background), and the arrows indicate the two directions of displacement (Figure 1B) . Since two populations of elementary motion detectors, T4 and T5, are required for behavioral or neural responses to many classes of motion stimuli [19, 30, 32 , 33], we measured the net optomotor turning response to each contrast combination with and without these cells silenced. When T4 and T5 were not silenced, Drosophila turned in the direction of displacement for phi pairings and in the opposite direction for reverse-phi pairings ( Figure 1D ), consistent with previous results [11, 17] . However, silencing T4 and T5 with the protein shibire ts , a dominant suppressor of synaptic transmission [34] , eliminated responses to all four types of apparent motion stimuli ( Figure 1D ). Thus, these cell types are required to perceive motion in the reverse-phi apparent motion stimuli.
T4 and T5 Encode Apparent Motion Stimuli in a Pattern that Predicts Behavior
Since genetic silencing showed that T4 and T5 were required for optomotor turning to apparent motion stimuli, we recorded neural activity in these cells in response to the same apparent motion (E) Imaging setup for recording T4 and T5. The same stimulus as in (C) is shown, but the virtual cylinder is pitched forward to account for the fly head orientation looking at the screens.
(F) Mean response of T4 and T5 progressive and regressive ROIs to the eight apparent motion combinations in (B) at all locations in space.
(G) The net response of all 4 cell types to the phi and reverse-phi stimuli was computed: traces in (F) were averaged across time during the lagging bar's presentation, and regressive displacement responses were subtracted from progressive displacement responses for each apparent motion contrast combination. For (F) and (G), n = 25, 23, 29, and 22 flies for T4 progressive, T4 regressive, T5 progressive, and T5 regressive. Curves and bars are mean ± SEM (*p < 0.05, **p < 0.01, two-tailed Wilcoxon sign-rank test, corrected for multiple comparisons within each cell type). See also Figure S1 and Videos S1 and S2.
stimuli. We recorded apparent motion responses from T4 and T5 by using GAL4 drivers to express GCaMP6f in these cell populations [19, 30, 33, 35] . We imaged fluorescence responses from T4 and T5 axon terminals in the lobula plate while presenting visual stimuli, adjusted for the pitch of the fly's head, on a panoramic screen surrounding the fly ( Figure 1E ). Figure S1 ; see STAR Methods).
To investigate how T4 and T5 responses relate to behavioral responses, we first measured their average response to apparent motion stimuli at all locations in space. This average response approximates the spatial averaging that occurs during behavioral responses ( Figure 1F ). To quantify each cell type's net direction-selective response to the suite of stimuli, we averaged these responses over the duration of the lagging bar's presentation and then subtracted the averages for regressively displaced (up, [, in all figures) apparent motion from progressively displaced (Y) apparent motion ( Figure 1G ). In all cases, T4 neurites responded more to (+, +) pairings than to (-, -) pairings, matching their ON-edge selectivity. Conversely, T5 neurites responded more to (-, -) pairings than to (+, +) pairings, matching their OFF-edge selectivity. Similarly, both T4 and T5 progressive neurites responded more to progressive phi pairings, (+, +, Y) and (-, -, Y). Conversely, T4 and T5 regressive neurites responded more to regressive phi pairings. As in behavioral responses (Figure 1D ), reverse-phi stimuli reversed the direction selectivity of each cell type. Specifically, progressive T4 and T5 responded more to reverse-phi apparent motion with regressive displacements, and regressive T4 and T5 responded more to reversephi apparent motion with progressive displacements.
The reversal of direction-selective responses to reverse-phi stimuli in T4 and T5 led us to ask whether T4 and T5 responses were sufficient to reproduce the behavioral responses. To that end, we created a simple model to predict the behavior from these four cell types by appropriately adding and subtracting the neuronal signals ( Figure 1H ) [30] . Specifically, direction-selective behaviors could compute direction-selective signals from the T4 and T5 pathways by simply taking the difference between the progressive and regressive cell types [36] and then taking the difference between the two eyes, summing responses for T4 and T5 ( Figure 1I , orange bars). This behavioral model correctly predicted the signs of the behavioral responses from the responses of T4 and T5 cells ( Figure 1I , gray bars), though additional pathways could also contribute to the behavioral responses. Nevertheless, since T4 and T5 signals alone are sufficient to explain behavioral responses to all the apparent motion stimuli, this suggests that the motion signals in reverse-phi stimuli, containing both ON-and OFF-contrast information, are extracted by these earliest direction-selective cells.
T4 and T5 Respond to Complementary Pairs of Apparent Motion Stimuli
To better understand how T4 and T5 process local ON-and OFFcontrasts, we examined how T4 and T5 responded to apparent motion stimuli that were centered in their receptive fields (Figure 2A) . We first presented single, static bars to these cells, and we defined their receptive field centers as the location of the presented bar at which they responded maximally ( Figure S2 ) [31] . T4 responses showed ON-selective, spatially restricted receptive fields spanning 5 -10 ( Figure S2 ). T5 responses showed OFF-selective responses of similar width ( Figure S2 ). These were narrower than the receptive fields previously found for T4 and T5 using stochastic noise stimuli [13, 30] , possibly because the stronger stimulus used here recruited more inhibitory elements that sharpened the response. The time traces of the single bar responses at the receptive field center clearly segregated T4 and T5 ( Figure 2B ): T4 cells responded to single ON-contrast bars, whereas T5 cells responded to single OFFcontrast bars.
To compare responses to preferred-direction and null-direction stimuli, we focused on the apparent motion location in which the lagging bar appeared at the neuron's receptive field center ( Figure 2A ). Since we recorded apparent motion responses for stimuli at each of the locations in the 40 period of the stimulus ( Figure S2 ), we confirmed that this stimulus alignment produced the largest responses to preferred-direction phi motion and nulldirection reverse-phi motion ( Figure S2 ; see STAR Methods). Progressive T4 exemplified the pattern of responses we observed to phi and reverse-phi stimuli. They responded primarily to the progressive (+, +, Y) stimulus and less strongly to the other three phi stimuli ( Figure 2C ), which would be expected for a cell sensitive to progressive ON-edges. However, an intriguing pattern emerged in the reverse-phi responses (Figure 2D) . The progressive T4 cells responded primarily to regressive (-, +, [) stimuli, which were displaced in the direction opposite to its preferred phi response. Progressive T4 did not respond strongly to the other three reverse-phi stimuli. Following the pattern of progressive T4, regressive T4 responded primarily to regressive (+, +, [) and progressive (-, +, Y). The T5 cell types also followed this same pattern, except with reversed polarities. That is, progressive T5 responded to progressive displacement (-, -, Y) and regressive displacement (+, -, [), while regressive T5 responded to regressive displacement (-, -, [) and progressive displacement (+, -, Y). This pattern also held with stricter criteria for selecting T4 and T5 ROIs ( Figure S2) .
In all four cell types, cells responded maximally to a single phi stimulus oriented in their preferred direction and to a single reverse-phi stimulus oriented in the opposite direction. This arrangement meant that each cell type responded to a pair of apparent motion stimuli, and each apparent motion stimulus generated a maximal response in a single cell type. Furthermore, each reverse-phi stimulus consistently activated a cell type whose single-bar contrast preference ( Figure 2B ) matched the contrast of the stimulus's lagging bar (ON-contrast for T4 and OFF-contrast for T5). This pairing between stimuli and maximally responsive cells is consistent with the direction selectivity observed when responses were integrated over space and time ( Figure 1G ).
T4 and T5 Responses to Flicker Show Complementary Modulation by Neighboring Contrasts
We were surprised that T4 and T5 integrated combinations of ON-and OFF-contrast information-especially so for T5, where established inputs are cholinergic OFF-cells [22, 37, 38].
Consequently, we designed a new stimulus to independently confirm that T4 and T5 responses in the receptive field center were modulated by both ON-and OFF-contrasts at both neighboring points in space ( Figure 3A ; Video S3; see STAR Methods). In these stimuli, repeated every 30 in space, a 5 -wide vertical bar flickered stochastically while flanked by white, black, or mean luminance bars ( Figure 3A , stimulus plots). Linear receptive fields previously extracted from T4 and T5 indicate that these cells respond to flicker [13, 30] . By flanking a flickering bar with a second bar of a specific contrast, the flicker becomes similar to apparent motion stimuli, but on a fast timescale. For instance, when the neighboring bar is white and the flicker becomes white, it is similar to (+, +) apparent motion. When the flicker instead becomes black, it is similar to (+, -) apparent motion. Because this stimulus distinguishes between ON-contrast, OFF-contrast, and gray (zero-contrast) flanking bars, it provides more information than a linear receptive field about the integration of ON-and OFF-contrast information in the direction-selective cells.
For each cell type and flanking contrast condition, we extracted the linear filter that best predicted the fluorescence response from the stochastic flicker presented at the receptive field center ( Figures 3A and S3 ). We found that the filters were differentially modulated across cell type by the contrast polarity and position of the adjacent bar. Progressive T4 again exemplified the pattern of responses: specifically, they exhibited a positive filter when an ON-contrast bar was at the location where a leading ON-contrast bar would be in the progressive (+, +, Y) stimulus ( Figure 2C ). Likewise, they exhibited positive filters when an OFF-contrast bar was at the location of the leading OFF-contrast bar in a regressive (-, +, [) stimulus ( Figure 2D ). When ON-or OFF-contrast bars flanked the flicker in other locations, the filter was flat or slightly negative. Thus, the filter amplitudes matched the responses to the apparent motion stimuli, in which responses were maximal to progressive (+, +, Y) and regressive (-, +, [). The other three cell types showed a similar correspondence between the filter amplitudes and the apparent motion stimuli that generated maximal responses.
We summarized each cell type filter's dependence on the flanking bar contrast by computing the mean of each temporal filter over a short window ( Figure 3B ). These mean values show the analogous dependence on flanking bar contrast as the apparent motion responses. Measured responses in T4 regressive cells were noisy, as in previous experiments [30] , which could explain their relatively small responses to these stimuli. Though these stimuli involved a static bar presented for almost 2 min, there is relatively little change in the filters over that time, suggesting little adaptation to the flanking bar ( Figure S3) . Additionally, some cell types responded weakly to the isolated flickering bar, even though these cells responded to the static bars used for receptive field mapping. This suggests nonlinearities related to the dynamics of the stimulus. Nevertheless, as with the apparent motion responses, the behavioral response to the flickering stimuli matched the behavior predicted using the simple model in Figure 1H and the measured filters for each cell type ( Figure S3 ). This agreement between behavior and T4 and T5 responses showed again that the integration of ON-and OFF-contrast inputs in T4 and T5 neurons is sufficient to predict the sign of behavioral responses. Figure S2 and Video S2.
OFF-Contrast Signals Can Reach T4 through Multiple Input Pathways
We wanted to find plausible mechanisms by which T4 and T5 could receive both ON-and OFF-contrast information ( Figures  1, 2, 3A , and 3B). For instance, OFF-contrast information could be conveyed by linear ON-cells, or through ON-center cells with surround inhibition. Since the neurons that provide input to T4 are well established [26-28], we measured the response properties of four of T4's major synaptic inputs to discern how OFF-contrast information could reach T4 ( Figure 3C ). Before mapping their receptive fields with static, 5 bars, we confirmed that they were responsive to stimuli on the screen by measuring cell-type filters Figure S3 ). T5 dendrites lacked glutamate signals in response to full-field changes in contrast, consistent with receiving cholinergic inputs ( Figure S3 ) [37] . However, we confirmed glutamate release onto T4 dendritic regions (Figure S3 ). Using the single bar receptive field mapping stimulus, we found a strong and narrow response window of 5 -10
for OFF-contrast selective glutamatergic release onto T4 dendrites ( Figures 3D and S3 ). These averages include dendrites belonging to all four T4 directional types found in the lobula plate.
On the other hand, Mi1, Tm3, and Mi4 cells showed strong calcium transients in response to ON-contrast bars in a narrow 5 -10 receptive field ( Figure 3D ). OFF-contrast information could nevertheless reach T4 through either Mi1 or Mi4, since both Mi1 and Mi4 responded to OFF-contrasts outside the receptive field center. Moreover, OFF-contrasts caused a negative calcium response in Mi4's receptive field center, showing that it is not strongly rectified. Thus, there are multiple candidate routes through which T4 could gain information about OFF-contrasts.
A Shared Non-delay Line Model Redistributes the Local Motion Computations of the HRC
The unexpected organization of phi and reverse-phi responses in T4 and T5 demand a conceptual reexamination of the computational logic underlying the fly's elementary motion detectors. First, we mapped our apparent motion stimuli onto a 3-dimensional space in order to generalize them. Specifically, the three binary dimensions of our stimuli (leading bar contrast, lagging bar contrast, and displacement direction) can be conceptualized along axes in a 3-dimensional space of motion stimuli ( Figure 4A , left). In analogy to dividing the 2-dimensional Cartesian plane into four quadrants, depending on the signs of x and y, here we divide our 3-dimensional stimulus space into eight octants that capture the signs of x, y, and z. Each octant in this stimulus space contains a single apparent motion pairing, so we designated each octant by the color corresponding to the cell type that most responded to that octant's apparent motion stimulus ( Figure 2) .
As a point of comparison, we used the motion computations of the HRC as a phenomenological model for the fly's processing, since it captures the essential features of motion computation [6, 41] . Specifically, the canonical HRC model detects motion by multiplying pairs of visual signals from two neighboring points in space, one of which is delayed in time relative to the other ( Figure S4 ). This combination of spatial inputs, temporal delay, and multiplication makes the model direction selective and represents a simple algorithmic approximation to many different mechanistic models of motion detection [41] . The multiplication in the canonical HRC can act on positive or negative contrast inputs, which enables one multiplier to detect all four phi and reverse-phi signals in a single displacement direction. The full HRC has two of these multiplication steps in opposing directions that together cover all eight octants of the stimulus space (Figures 4A, middle, and S4). Our observations showed that each of the fly's four local motion detectors responded most to a non-overlapping set of two octants ( Figures  2C and 2D ). This enabled the four cell types to collectively tile the space of apparent motion stimuli. However, measured responses were modulated both by contrast changes at the receptive center and by those at flanking points on both sides. This indicated that the neurons T4 and T5 distribute the octants over three neighboring points in space ( Figure 4A , right), rather than two points in space, as the HRC does. This distribution suggests a new ''shared non-delay line model'' that processes inputs from three locations in space in order to compute the eight octant signals ( Figure 4A , right). The shared non-delay line model is exactly equal to the HRC model when signals from individual detectors are summed over space ( Figure 4A , underlying array; also see STAR Methods). However, it was unclear whether the two models could perform differently as local motion estimators.
The Shared Non-delay Line Model Can Enhance Velocity Estimation in Natural Environments
We wished to determine whether the organization of the fly's elementary motion detectors proposed above could enhance their performance in natural motion processing. To proceed, we compared the natural motion estimation performance (see STAR Methods) of a simple HRC model ( Figure 4A , middle) and a simple, experimentally motivated shared non-delay line model ( Figure 4A , right). The filters for the delayed and nondelayed inputs to both models matched previous numerical modeling experiments [2] . We quantified how well each model predicted the velocity of motion across an ensemble of naturalistic motions ( Figure 4B ) [2, 42] . As expected from previous studies [2, 42, 43] , the estimation accuracy of single detectors was modest in all cases. We found that a single shared nondelay line model slightly underperformed a single HRC (Figure 4C , one detector). On the other hand, the shared non-delay line model outperformed the HRC when two or more neighboring elementary motion detectors were averaged ( Figure 4C ). Thus, although each model's performance approaches the same limit as more points in space are averaged, the organization measured in fruit flies might aid localized velocity estimates that utilize only a few neighboring points in space, such as in circuits that detect loom from local motion cues [44] .
We also wanted to assess the importance of reverse-phi signals for naturalistic velocity estimation. To that end, we compared both models to reduced versions in which the reverse-phi octants were excluded (see STAR Methods). Removal of the reverse-phi octants consistently worsened the velocity estimates of both models ( Figure 4C ), and both models that neglected reverse-phi performed similarly for the model parameters analyzed here. Thus, responses to reverse-phi signals can improve velocity estimates in natural scenes, and these enhancements may be especially pronounced in the processing architecture found in Drosophila. Nevertheless, it's important to recognize that the accuracy of motion estimation models depends on the choice of temporal filters, which are incompletely constrained by existing experimental data. Therefore, in order to rigorously assess each architecture in realistic settings, it See also Figure S4 and Table S1 .
will be crucial to better understand the temporal processing strategies used by fly motion detectors [22, 24, 45, 46] .
T4 and T5 Complementarity Reflects the Co-occurrence of Signals during Natural Motion
Since the observed selectivity of T4 and T5 for apparent motion stimuli requires more than selectivity to either pure ON-or pure OFF-contrasts, we also sought conceptual progress toward understanding the factors that drive channel parallelization in motion detection systems. We recognized that the known ONedge versus OFF-edge selectivity in T4 and T5 strongly decorrelates the fly's motion detection channels by preventing their simultaneous co-activation ( Figure 1A ). Since the principle of decorrelation appears especially relevant for many neural computations (Table S1 ), we wondered how else it could manifest itself in the organization of motion detection pathways. It is straightforward to construct decorrelated channels that could implement the shared non-delay line model. We illustrate this point by computing the co-activation statistics of our simple shared non-delay line model's octant signals across the naturalistic motion ensemble ( Figure 4D ; see STAR Methods) [2] . Since the central non-delay line cannot be simultaneously positive and negative, the octants (+, +, [ or Y) and (-, +, [ or Y) can never cooccur with the octants (-, -, [ or Y) and (+, -, [ or Y)-a fact reflected in zero co-activation levels ( Figure 4D ). This exclusive separation in the model corresponds to the separation in the responses of T4 and T5 in our experiments (Figures 1 and 2) . Interestingly, the simulations revealed that each phi octant was frequently co-activated with a single reverse-phi octant. If each pair of co-activating octants were computed by a single cell type, then the different cell types would be unlikely to exhibit correlated responses during natural motion. Indeed, these pairings were identical to the complementary responses to phi and reverse-phi bar pairs that we observed in T4 and T5 ( Figures 2C and 2D ). This notable result suggests that the cell types respond to motion cues that combine ON-and OFF-contrasts because they appear together during natural motion.
We also found that the natural co-occurrence statistics of the octant signals were directly reflected in the covariance matrix of all neural responses to apparent motion stimuli ( Figure 4E ; see STAR Methods). In particular, neuronal responses to (+, +, Y) strongly covaried with responses to (-, +, [), responses to (-, -, Y) covaried with responses to (+, -, [), and responses to the regressive phi and progressive reverse-phi pairings also covaried in the expected pairings. Thus, all four complementary pairings seen in Figures 2C, 2D , and 4D were evident in the covariance matrix among neural responses. To compute this covariance matrix, we included all direction-and edge-selective neural responses without classifying ROIs as T4 or T5, so this result pertains to the population coding structure of parallel motion channels, independent of the fidelity of cell type classification of individual neurites.
Parallel Motion Channels Generate Non-coactive, Positive Responses to Natural Scenes We wished to investigate how the coactivation statistics informed decorrelation among parallel motion channels. An obvious difference between Figures 4D and 4E is the sign of matrix elements involving reverse-phi octants. This sign difference reflects the characteristic reverse-phi encoding as motion in the opposite direction. However, since turning behavior depends only on net motion signals that subtract regressively oriented octant signals from progressively oriented ones, the net motion signals that co-occurred during naturalistic motion had the same sign ( Figure 5A, top) . Correspondingly, we propose that progressive cells encode the positive contributions to the net motion computation, while regressive cells encode the negative contributions ( Figure 5A, bottom) . This suggests that naturalistic motions would typically only activate a single motion channel among T4 and T5 progressive and regressive cells. Indeed, this organization produced four channels that were only weakly coactivated by moving natural scenes ( Figure 5B ). This model allows each cell type to respond non-negatively to motion stimuli, and the model phenomenologically matches the experimental response properties of all four cell types (Figures 2, 3 , and 4E). Thus, we conclude that the fly's motion channels represent a nonnegative code of decorrelated apparent motion signals, and we hypothesized that these coding properties would generalize to natural motion conditions.
To test this hypothesis, we recorded T4 and T5 responses to moving natural scenes. We recorded T4 and T5 responses while stimulating the fly with progressive or regressive 45 /s rotations of a single row of a natural 360 panoramic image [47] (Video S4; Figure S5 ; see STAR Methods). The single speed in this stimulus, which was consistent with turning speeds in walking flies [48] , enabled us to average over cell responses simply by realigning in time, since all cells had the same stimulus pass through their receptive field ( Figure 5C ). This 1-dimensional natural scene eliminated spatial variation in the dimension perpendicular to the motion. While the lack of variation may have affected response amplitudes [49], these cells are relatively insensitive to spatial structure in the orientation perpendicular to the motion dimension [13] . Nonetheless, this stimulus retained edge structure in the orientation preferred by these cells [50] . Moreover, our 1-dimensional stimulus retained naturalistic intensity distributions and spatial structures in the motion dimension.
As expected, we found that progressive T4 and T5 responded almost exclusively to progressive motion, and likewise for regressive T4 and T5 and regressive motion. As expected from ON-and OFF-edge separation and channel decorrelation, the two cell types tended to respond exclusively to certain segments of the moving image, with T4s responding to ON-edges and T5s responding to OFF-edges. Slow dynamics intrinsic to calcium imaging tend to smear neuronal responses over time, so we sharpened the traces by taking the positively rectified derivatives of the GCaMP6f signal [51] (see STAR Methods; Figure S5 ). These traces produced a coactivation matrix with near-uniform off-diagonal elements that were much smaller than the diagonal elements ( Figure 5D ). This coactivation matrix also had significantly smaller off-diagonal elements than the one measured during apparent motion stimulation ( Figure S5 ), indicating that the fly's motion channels are better decorrelated with naturalistic stimuli than with artificial stimuli. Therefore, the principle of decorrelation accounts for reverse-phi processing by the motion channels and is consistent with non-coactive neuronal responses during naturalistic stimulation. See also Figure S5 and Video S4.
stimuli ( Figure 6A ): one phi stimulus and one reverse-phi stimulus. These neural selectivity patterns for phi and reverse-phi stimuli incorporated signals from three points in space and suggest simple models for each of the cell types ( Figure 6B ). Each model cell type receives both ON-rectified and OFF-rectified inputs, with the rectification polarity of the central non-delayed signal identifying T4 versus T5 neurons. Unlike the standard HRC, where reverse-phi pairings decrease the response of the activated multiplier unit below baseline ( Figure 6C , left), T4 and T5 neurons responded positively to reverse-phi pairings in their null direction. Nevertheless, the downstream subtraction of signals from progressive and regressive layer neurons ultimately allowed the non-negative neural encoding of these four cell types to capture the correct signs of the entire suite of phi and reverse-phi responses ( Figure 6C, right) . Thus, our experiments reveal an elegant neural implementation of a fundamental property of the HRC algorithm.
Characterizing the Nonlinearity Underlying Visual Motion Estimation
Direction selectivity requires a nonlinear computation [41, 53] .
Testing for nonlinearity involves comparing neural responses to linear expectations formed by summing responses to several isolated stimulus components that superimpose to define the full stimulus. When we compared apparent motion responses with summed responses to each bar in the pair, we indeed found clear evidence of nonlinearity in T4 and T5 neurons, though some of that may be attributable to indicator nonlinearities ( Figure S6 ). Many studies go further to categorize direction-selective mechanisms according to whether they enhance responses in the preferred direction or suppress responses in the null direction [31, 49, 50, 54]. However, it is important to note that it can be ambiguous to characterize the system as ''enhancing'' or ''suppressing'' by asking whether the response to the paired stimuli is greater than or less than the sum of the responses to each isolated stimulus component. This ambiguity arises because there are many possible linear decompositions of the stimuli, and different decompositions can yield different results, even for a fixed underlying model. To illustrate how fundamental this point is, we analyzed how a classic model of motion detection-a simple motion energy model-responds to apparent motion stimuli ( Figure S6 ). We found one linear decomposition of the stimulus that suggested that the model becomes direction selective by enhancing responses to preferred-direction stimuli, but a different stimulus decomposition that suggested that the model becomes direction selective by suppressing responses to null-direction stimuli. Therefore, we refrain from categorizing our measured neural responses as enhancing or suppressing based on linear decompositions of the stimuli. We instead prefer to characterize the fly's nonlinear computation using general methods for nonlinear systems identification, for example, Wiener kernels [30] , which are difficult to measure but allow unambiguous characterization of the full nonlinear operator across temporal and spatial scales.
Implications for Mechanistic Models of Motion Detection
Despite its successes, the HRC is an incomplete description of the fly's visual motion estimation algorithm [2, 42] . How do our data more broadly constrain the neural implementation of algorithms for motion estimation? By finding positive T4 and T5 responses to reverse-phi stimuli in the null direction, we rule out an explicit sign-correct multiplication [6, 11, 55] as well as Notably, since T4 and T5 are non-spiking neurons, non-negativity was not a priori required for biological plausibility.
These response properties are consistent with biophysical models that leverage an OFF channel input to enhance the direction selectivity of T4 cells [14] , but it remains unclear how ON information is transmitted to T5 neurons, which primarily receive cholinergic inputs [37] from OFF-center cells [22, 24, 38] . Here, we showed that several ON-center cells provide OFF information to T4, and analogous response patterns could also occur in the T5 pathway. Therefore, upstream combinations of on ON and OFF information might be critical for understanding the motion response properties of T4 and T5 neurons.
Relationship to Motion Estimation Circuits in Mammalian Retina and Cortex
There exist deep parallels between fly visual circuits and mouse retinal circuits, spanning anatomy [61] , neural circuits [4] , and the sequence of algorithmic steps in motion detection [5] . These parallels suggest that the phi and reverse-phi complementarity we observed here could also exist in vertebrate motion detection systems. In rabbit retina, responses in direction-selective ganglion cells to reverse-phi apparent motion depended on the displacement relative to the receptive field center [62, 63] , similar to the T4 and T5 processing found here (Figure 2 ). In mouse retina, which also splits visual signals into parallel ON and OFF pathways, measurements in two distinct direction-selective cell types, the ON and OFF starburst amacrine cells (SACs) [64] , show space-time oriented linear filters with oppositely signed input at the most distal tips of the cells [65] . These filters mirror similar receptive fields measured in T4 and T5 [13, 30] . The oppositely signed input to SACs could indicate responses to reverse-phi stimuli in the null direction of these cells, which is similar to our apparent motion findings in T4 and T5.
Apparent motion responses in direction-selective cells of primate V1 also suggest the phi and reverse-phi pairings are computed across space such that the cells respond most strongly when the second point in the sequence appears at a fixed location in space [16] . These responses thus appear similar to a sum of T4 and T5 cells with the same receptive field center and a shared non-delay line processing architecture. One mechanistic model proposed to account for these response properties is intriguingly similar to the phenomenological shared non-delay line models we propose for T4 and T5 [66] . This mechanistic model acts as a combination of the T4 and T5 responses presented here and can be easily split into T4-and T5-like components. Finally, psychophysical tests of human motion detection have also hinted that phi and reverse-phi are processed in the same motion detection step, as seen with T4 and T5 responses here [10] .
Encoding Environmental Features with ON and OFF Sensory Signals
Many sensory neural circuits incorporate ON-OFF motifs. They are found in animals ranging from C. elegans and Drosophila to mammals [4] [5] [6] . Beyond vision, the motif appears in sensory modalities from thermosensation, mechanosensation, and chemosensation to audition and olfaction [67] [68] [69] [70] [71] . Here, we showed how downstream computations combine information from these pathways. In motion detectors, this combination means that the detectors cannot be thought of as exclusively part of the ON or OFF pathway. If downstream channels are not exclusively ON or OFF, then how do we understand the transition from the ON-center/OFF-center dichotomies at the sensory periphery? At the periphery of a sensory system, several general arguments suggest that ON and OFF channels have advantageous encoding properties for informational or metabolic efficiency measures [72, 73] . As processing proceeds, circuits extract increasingly complex features of the environment, which can quickly become unrelated to the initial ON-OFF sensory split. In these deeper circuits, principles beyond information transmission are expected to arise when features are encoded across populations of neurons. In these cases, our findings show that the organization of parallel channels away from the periphery may be better understood through the lens of signal decorrelation.
Naturalistic Inputs and the Organization of Motion Detectors
The statistics of natural environments have profoundly shaped biological vision [74] . Here, we have shown how ON-and OFFcontrasts could be combined in natural settings to improve velocity estimation ( Figure 4C ) and produce a population of decorrelated elementary motion detectors (Figures 2, 4 , and 5). Previous work has shown how scene encoding and motion computation may be tuned to light-dark asymmetries in natural scenes [2-4, 43, 73] . Furthermore, insect motion detection and cortical encoding may be tuned to the spatial organization of natural scenes [2, [75] [76] [77] [78] . Since the responses we observed in T4 and T5 differentially integrate light and dark information over multiple points in space, future work that relates T4 and T5 response tuning to both the light-dark asymmetries and the spatial frequency content of natural scenes is likely to lead to further insights about natural motion estimation. Natural motion has many additional computational signatures that we do not consider here [2, 79] . It will thus be interesting to determine how well channel decorrelation accounts for T4 and T5 response patterns across a broader range of visual stimuli.
Complementarity and Decorrelation in Parallel Pathways
Previous work has shown many benefits to decorrelated parallel channels (Table S1 ). Theories based on input signal decorrelation have explained surround inhibition in retinal receptive fields [80] , retinal adaptation [81] , spatial structure of cortical receptive fields [82] , heterogeneity of retinal cell populations [83] , steepness of retinal nonlinearities [84] , and adaptive properties of retinal receptive fields [85] . Moreover, the ON-OFF motifs found in many sensory circuits can decorrelate input signals by splitting them into parallel channels that respond selectively to either ON or OFF stimuli [64, [67] [68] [69] [70] [71] 86] . Nevertheless, theoretical frameworks that address how parallel ON and OFF channels contribute to accurate visual motion estimation [2, 42, 43] have not considered how signal decorrelation might relate to elementary motion computations.
Here, we have found evidence that the fly's motion channels produce decorrelated signals with naturalistic inputs ( Figures  5C and 5D ). There are several advantages to coding motion in this way. For example, flies must maintain stable visual circuits with stable synaptic strengths. Interference-free decoding of motion channels might enable maintenance of synaptic weight values using only the information available to each synapse and not requiring knowledge of any other synapse [87] . Intuitively, this works because neurons that avoid co-activation temporally isolate the impact of each channel ( Figures 5A and  5B) , thereby simplifying the credit assignment problem faced by downstream neurons. Decorrelated motion signals could be particularly useful if local motion signals from T4 and T5 flexibly guide multiple behaviors. For instance, behavioral loom responses could preferentially combine local T5 motion signals across the four layers of the lobula plate without regard for T4 signals [44] . Small object tracking provides another example in which local single-edge motion detectors could be individually exploited and combined into useful information about the visual world [88, 89] . Note that although certain stimuli did activate both T4 channels and both T5 channels in our experiments ( Figures  S2 and S5 ), our analysis indicates that this effect lessens under natural conditions ( Figure 5D ). Since many sensory systems split sensory signals into parallel channels, it will be interesting to investigate whether decorrelation of parallel channels represents a general mechanism to facilitate nonlinear feature decoding.
STAR+METHODS
Detailed methods are provided in the online version of this paper and include the following: 
STAR+METHODS KEY RESOURCES TABLE CONTACT FOR REAGENT AND RESOURCE SHARING
The experimental data generated during the current study are available from the Lead Contact, Damon Clark (damon.clark@yale.edu) on request. The natural image data used for this study are available online [40, 47] .
EXPERIMENTAL MODEL AND SUBJECT DETAILS Fly Strains and Husbandry
Only female flies were used for experiments. Flies used in behavioral experiments were grown at 20 C in a 12hr/12hr light/dark cycle. Flies used in behavior were staged on CO 2 12-24 hours after eclosion, run between 12 and 24 hours of staging, and run either 3hrs post lights-on or 3hrs pre lights-off. Flies used in imaging experiments were grown either at 29 C to increase expression levels (T4T5 > GCaMP6f) or at 25 C (Mi1 > GCaMP6f, Tm3 > GCaMP6f, Mi4 > GCaMP6f, Mi9 > GCaMP6f and T4T5 > iGluSnFR), and staged 12-24 hours after eclosion on CO 2 or on ice. When staged on CO 2 , flies were imaged 12-24 hours post-staging. In all cases, flies were grown at near 50% relative humidity, and behavioral experiments were performed at 50% relative humidity. REAGENT Fly strains used were as follows:
METHOD DETAILS Behavioral Recordings
Behavioral responses to visual stimuli were recorded as previously described [30] . Briefly, flies were cooled to fix them to a needle with UV-cured epoxy and placed above an air-suspended ball that rotated under them as they walked. Rotation of the ball was recorded at 60 samples/sec at a resolution of 0.5 to determine behavioral responses. Flies were placed in a 34 to 36 C arena such that they were viewing a virtual cylinder (see Stimulus Presentation below) on which stimuli were presented. The higher temperature of the rigs activated thermogenetic silencing tools [34] . Recorded behavioral responses were analyzed using custom MATLAB software (Mathworks, Natick, MA, USA).
Two Photon Calcium Imaging
Imaging was performed as previously described [30] on flies expressing the fluorescent protein GCaMP6f [35] . Briefly, flies were head-fixed in a stainless steel shim and a surgery was performed to expose the optic lobe. The visual stimulus placed flies in a virtual visual cylinder (see Stimulus Presentation below) on which stimuli were presented, while they were perfused with oxygenated ringer solution [94] . A precompensated femtosecond laser (Spectraphysics, Santa Clara, CA, USA) at 930nm with power < 30mW was used to record fluorescence signals at $13Hz using Scanimage software [93] on a Scientifica 2-photon microscope (Scientifica, Clarksburg, NJ, USA). Fluorescent emissions were filtered with either a 514/30 (full width/half max) or a 514/30 in series with a 512/25 filter (Semrock, Rochester, NY, USA) to exclude light from the visual stimulus. The movies were aligned and then analyzed using custom MATLAB software. 
Stimulus Presentation
Stimuli were presented on a virtual cylinder projected onto panoramic screens around the fly [30] . During behavior, this cylinder subtended 270 of azimuthal space and 106 of vertical space. Stimuli were presented with green light, peaked at 520 nm and a mean intensity of 100 cd/m 2 . In two-photon recordings, the virtual cylinder was pitched 45 forward to adjust for the pitch of the fly's head, and the screens subtended 270 azimuthally and 69 vertically. Stimuli were filtered with either a 560/25 (full width/half max) filter in series with an ND1 filter, or a pair of 565/24 filters, in order to minimize stimulus bleedthrough into the imaging. The mean intensity of the screen during imaging was 0.64 W/m 2 ($70 cd/m 2 ).
Stimuli
Stimuli presented on the virtual cylinder in behavior and imaging experiments were: Name Description Preceding interleave Figure( Behavioral response measurements Behavioral responses in Figure 1D are the direction selective responses to apparent motion stimuli: responses to displacement in one direction for an apparent motion stimulus were subtracted from the responses to the other (i. 
Region of interest extraction
Movies were analyzed for regions of interest (ROIs) using methods previously described [30] . Briefly, for T4 and T5 axons, as well as T5 dendrites, an ICA algorithm was run on the probe sections of the movie (see below) and the resulting spatial filters were used to extract non-overlapping, responsive regions of the movie. For T4 dendrite analysis with iGluSnFR, as well as for Tm3, Mi1, Mi4, and Mi9 analysis, instead of the ICA protocol, a watershed algorithm was run on the mean image of the movie to generate ROIs based on baseline fluorescent intensity, rather than activity. ROIs from the appropriate location (axons or dendrites) were selected for analysis. Axon terminals were measured for Mi1, Tm3, and Mi9 calcium signals. Because signals in Mi4 were generally weaker, ROIs located in the axons and in the dendrites were combined for analysis. In all cases, these small ROIs had a response computed at each acquisition frame as the average of the fluorescence in that ROI during that frame, forming a time trace for the ROI. For each ROI, DF/F was computed by first fitting a decaying exponential of the form Ae Àt=t to the interleaves of the time trace. For apparent motion responses, the average response of the last 100ms of interleave was used. For flicker responses, the average responses to the full interleave were used as a baseline. For Mi1, Mi4, Mi9, Tm3, and T4 glutamate responses, the average response to the last 500ms of interleave were used. The same t was fit to all the ROIs in a movie, while A was individually fit to the mean amplitude of each ROI. This exponential served as the F 0 , and the time trace values as F 0 , so that the fractional change in fluorescence was computed as
ROI selection ROI were selected for analysis based on a combination of anatomy and responsivity to probe stimuli. T4 and T5 axons: As previously detailed [30] , flies were presented with a probe stimulus consisting of vertical left and right moving light or dark edges as well as square wave gratings moving left, right, up, or down (full description in Stimulus table) during recordings of the lobula plate. The probe was presented twice before the stimulus and once at the end of the stimulus. The moving square wave gratings were used to ensure that selected ROIs maximally responded to horizontal (left or right) motion. Edges were used to compute an edge selectivity index (ESI) and a direction selectivity index (DSI) as Full field middle gray for 1 s, followed by full field white for 1 s, followed by full field middle gray for 1 s, followed by full field black for 1 s N/A Figure S3, . The correlation between responses to the first and second probes ðr 1 Þ was computed and thresholded to ensure ROIs had consistent responses (r 1 > 0.4). A correlation was computed between the average response to the first two probes and that of the third probe ðr 2 Þ, to ensure responsivity remained unchanged from the beginning to the end of the stimulus (r 2 > 0.4). A small subset of stimulus presentations did not have a third probe stimulus presentation, and for these flies this threshold was ignored. ROIs were chosen to be larger than one quarter micron squared. For Figure S1B , only r 1 was thresholded to be above 0.4 and ESI and DSI were not used for selection. T5 dendrites and axons (for ESI measurements): Probe stimuli were identical to those for axons. However, only size thresholding and correlation thresholding between the first two probes were used to selected the ROIs, since direction selectivity in these ROIs was not of interest, and all were of one neuron type.
T4 dendrites (glutamate) and Mi9: We selected ROIs in layer 10 of the medulla with receptive fields on the screen, based on responses to dark moving bars (see Stimulus table) . Specifically, the maximum response of each ROI to each direction of motion for the dark bars had to be at least two standard deviations above the mean response to those directions of motion.
Tm3, Mi1 and Mi4: We selected ROIs in layer 10 of the medulla with receptive fields on the screen, based on responses to light moving bars (see Stimulus table) . For Mi4, which showed relatively weak responses, dendrites were also included in the analysis. Selection criteria were identical to those described for T4 dendrites and Mi9.
Receptive field center identification and alignment
In all cell types-T4, T5, Mi1, Tm3, Mi4, and Mi9-receptive fields to all periodic stimuli were aligned using the responses to single bars in space. Single bar stimuli were presented at 5 intervals, referred to as the stimulus phase. Stimuli had 6, 8, or 16 discrete phases, resulting in stimuli with 30 , 40 , or 80 periods. In order to determine each ROI's receptive field, single bars were presented at each phase at least four separate times during a stimulus run. Whenever the receptive field to single bars was also computed (i.e., the responses weren't used solely for alignment purposes), single bars were presented at least eight times and the receptive field center was cross-validated: the responses to a random half of the presentations at each phase were separated for use in the alignment, and the responses to the other half were used for further processing and computation of the receptive field after being aligned. Responses for alignment were averaged for the one-second presentation of the bar at each phase, and the difference between this average and the average response in the quarter second of preceding gray interleave was computed. The receptive field center was taken as the location of the maximal difference, and all other stimuli were aligned to this center as described in the main text. When single bars were used solely for alignment (i.e., flickering bar and naturalistic motion responses), all responses to the single bars were used as alignment responses.
Covariance between apparent motion responses For Figure 4E , the covariance matrix between responses to apparent motion stimuli at all phases for all ROIs, after the ROIs had been selected as one of the four populations of interest (see ROI selection), was computed. Specifically, each ROI response to an apparent motion stimulus was averaged over the duration of the second bar. The covariance between all these averaged ROI responses at each of the eight phases of the apparent motion stimulus was computed. The subset of the covariance matrix in Figure 4E represents the covariances between responses where the second bars of the apparent motion stimuli are at the receptive field center.
Covariance computation to confirm alignment For Figure S2E , we computed the total covariance between responses to phi apparent motion with one direction of displacement and reverse-phi apparent motion with the opposite direction of displacement. As with Figure 4E , covariances here were computed on an ROI-by-ROI basis, after the ROIs had been selected as one of the four populations of interest (see ROI selection). The covariance matrix, C, was computed for the ROI responses to apparent motion stimuli at all phases, after these responses had been averaged in time over the duration of the second bar. For the top plot of Figure S2E 
Filter alignment and extraction
To record flicker responses, we first determined the receptive field centers of ROIs being recorded using single bars (see Receptive field center identification and alignment), and then presented the five flanking contrast combinations at the two phases at which the most ROIs in that experiment had their receptive field centers. Single bars were again presented during the flicker stimulus to determine receptive field centers for all ROIs. For each fly in the filter averages of Figure 3A , the fly filter was the average of the fly's ROI filters which were extracted from ROIs with flicker at their receptive field center. In Figure 3B , values represent the average of the filters between 60ms and 400ms (determined visually as start and end points of the filters' power). For behavior in Figure S3E , values represent the normalized average between 50ms and 180ms (determined visually as the start and end points of the behavioral filters' power). For comparison, the computed response was calculated from the average neural filters between 50ms and 180ms as well. In Figures S3A and S3B , responses are also shown for ROIs whose receptive field centers were not aligned with the flicker presentation. Specifically, filters in the blue box are identical to those in Figure 3 , while those outside the box represent filters where the flicker was not at the receptive field center of the cell. Though the phases of flicker presentation were chosen in an attempt to maximize the number of ROIs whose receptive field center aligned with the flicker, the number of ROIs simultaneously recorded resulted in a uniform spread of receptive field centers relative to the flicker.
As described in the stimulus table, flickering stimuli were updated with a random contrast at 30Hz. However, images were recorded at a 13Hz frame rate. As a result, the acquired data had to be aligned to the presented stimuli in time in order to extract accurate filters. This was accomplished as previously described [30] . Briefly, 128 3 256 frames were recorded as a raster, so that individual lines were recorded at $1.6kHz. As such, the average time at which an ROI was recorded could be identified within 1ms. Using this timing information for individual ROIs, each ROI response (recorded every $75ms) was aligned with the stimulus (which changed every $33ms). The responses were then upsampled from 13Hz to 30Hz by previous neighbor interpolation. Behavioral responses were recorded at 60Hz and downsampled to 30Hz when extracting the filter. Behavioral filters were extracted using ordinary least-squares fitting. Neural filters and their bootstrap shuffled filters were extracted on a GPU with reverse correlation [95] . In Figure S3E , the results of extracting the filters either for the first 59 s of the 118 s flicker presentation versus extracting it from the final 59 s are shown. This was accomplished simply by dividing the aligned stimulus and response matrix into two halves, and the extraction then proceeded normally.
Natural motion alignment and coactivation Two natural 360 panoramas were selected from a database [47] for their many edges and high contrast. Single horizontal lines were chosen from each panorama, and then repeated vertically, creating a 1-dimensional 'naturalistic image'. Because all cells saw the same stimulus, just at different phases, the cell responses could be aligned and averaged. Single bars presented to the fly interleaved with moving natural scenes were used to align the natural motion responses in Figures 5C and S5B . Receptive fields were computed for each cell and the locations of the receptive field centers were used to align natural motion responses. Responses were shifted in time so that ROI responses to the same segment of the natural motion were averaged together. The stimulus covered the full 360 of azimuthal space and was presented for two-and-a-half periods. As a result, we could average the response in each ROI to two full periods of the natural scene presentation, excluding the initial half-period. This removed potential initial transients in the first 4 s (half a period) of presentation.
Coactivation in Figure 5D was computed from the positive derivative of the temporally filtered response time traces. A Gaussian filter with a 67ms standard deviation was used to smooth the responses to natural motion, and the positive derivatives of this filtered trace (shown in Figure S5B ) were concatenated across directions and the two scenes for each channel, creating a time 3 channel matrix. Each channel was divided by its root-mean-square value before computing the coactivation matrix. The same procedure was performed on the apparent motion responses, where positive derivatives were taken for each individual stimulus at each phase, to produce the coactivation matrix in Figure S5C .
Modeling methods
Behavioral modeling
For our model of behavioral responses from neural data in Figure 1I , we used the model presented in Figure 1H . Only flies that had all four cell-types were included for this model. ROI responses to each stimulus were first averaged across all eight spatial phases. They were then averaged once again for the duration of the second bar (0.15-1 s). These responses were then averaged within each celltype in a fly. Each included fly thus had responses from four cell types-T4 progressive and regressive, and T5 progressive and regressive-for all eight apparent motion stimuli. The direction-selective (DS) response was computed for each stimulus type (as in Figure 1G ) and each cell-type. DS responses for regressive cell-types were then subtracted from DS responses of progressive cell-types to produce one value for each fly for each contrast combination of apparent motion. T4 and T5 signals were summed to generate the total signal. Average value and SEM across flies is presented and compared to a normalized version of the behavioral responses (averaged during the second bar presentation) from control flies in Figure 1D .
The model of the behavioral filter in Figure S3D was similarly computed, except that values for each cell type came from the filters. Four space-time filters (one for each cell type) were computed for each fly for each stimulus presented to the fly. The response of that cell type in that fly was computed as the average filter of that fly across the six phases of space and between 50ms and 180ms in time. Locations in space where no filter was extracted for a fly were ignored in the average for that fly. These responses for each fly were then combined as described above and in the model in Figure 1H . Linear model comparisons Linear model comparisons in Figure S6B were based on a simple motion energy model, M, coded in MATLAB. A spatiotemporal linear filter, f, was created for two discretized points in space, f 0 and f 1 , and at three discretized points in time, such that f 0 ½t = Figure S6B ) in units of r=ðs,cÞ, where r is an arbitrary response unit, s is a time unit, and c is contrast. The full motion energy output is M = ðf Ã SÞ 2 , where S is the stimulus, and Ã indicates a convolution over time at the two spatial locations. This filter pair is sensitive to displacements over time from f 0 to f 1 . The test stimuli spanned these two points, as shown in Figure S6B . They consisted of (+, +) apparent motion with a delay of 1 time unit between pixel onsets, as well as the various decompositions shown. For each stimulus, the full motion energy output was computed, and then compared to the various linear decompositions of the stimulus.
Natural scene analysis
We performed all natural scene analyses in Figures 4 and 5 on an ensemble of 1,000,000 simulated naturalistic motions that we constructed using methods identical to those published previously [2] . Readers should refer to that publication for an exhaustive description of our methods. In brief, each element of the ensemble translated a randomly selected natural image from the van Hateren database [40] with a normally distributed velocity (zero mean, standard deviation of 90 /s) to simulate responses of twelve neighboring linear photoreceptors to whole-field motion. Photoreceptors spatially filtered their light inputs with a Gaussian kernel (FWHM = 5.7
), temporally filtered their light inputs with an exponential kernel (timescale = 10 ms), and were spaced by 5.1 . We then defined two temporal filters to differentially delay the photoreceptor signals:
f t ð Þ = te Àt=t ; tR0;
where t = 20 ms; and gðtÞ = dfðtÞ dt :
By applying these two temporal filters to the twelve photoreceptor signals, and subsequently rectifying each signal into its positive and negative components, we computed 48 signal components for use in our visual motion estimators: f½f Ã V 1 + ;½f Ã V 1 À ;½g Ã V 1 + ; ½g Ã V 1 À ;.;½f Ã V 12 + ;½f Ã V 12 À ;½g Ã V 12 + ;½g Ã V 12 À g, where Ã denotes convolution, V i denotes the i th photoreceptor voltage, ½x + = maxðx;0Þ, and ½x À = minðx;0Þ, and x = ½x + + ½x À . Since the velocity was uniform within a simulated naturalistic motion, we focused all analyses ( Figures 4C, 4D , 5A, and 5B) on the value of the signal components at the ends of the simulations.
Each motion estimator considered in this work was the sum of products between these 48 terms. In particular, the ordinary HRC between points 1 and 2 ( Figure 4A , middle, 4C, solid gray line, and Figure S4A , top) was
the ''phi-only'' HRC between points 1 and 2 ( Figure 4C , dashed gray line, and Figure S4A , bottom) was
the ''shared non-delay line'' model centered at point 2 ( Figure 4A , right and Figure 4C , solid black line) was
the ''shared non-delay line'' phi-only model centered at point 2 ( Figure 4C , dashed black line) was
and neighboring estimators were computing by incrementing each photoreceptor index by one. We quantified the velocity estimation performance of each visual motion estimator ( Figure 4C ) as the correlation coefficient between the true simulation velocity and the motion estimate. This metric is equivalent to the mean squared error for appropriately scaled motion estimators [2] . Thus, opponency between the progressive and regressive layers of T4 and T5 could provide an implementation of the shared nondelay line model using non-negative neuronal responses.
QUANTIFICATION AND STATISTICAL ANALYSIS
Each fly-cell type was counted as an independent measurement for statistical purposes. ROIs of a particular cell type within a fly were averaged together to produce each measurement for the fly-cell type. When a computation was done on the measurement, such as the DS computation in Figure 1G , the value was first computed for the ROIs, and then these ROIs were averaged to get the fly response. Except for the covariance plot in Figure 4E and the flickering stimuli neural filters in Figures 3A and 3B , all p values presented are a result of a Wilcoxon sign rank test across flies, Bonferroni corrected for the number of comparisons being made within each cell type.
Significances for covariances in Figure 4E were computed using a bootstrap process. Fly-cell type measurements were resampled with replacement to compute 1000 bootstrap covariance matrixes. The distribution of 1000 bootstraps for each element in the matrix was used to compute significance at the p = 0:05 level (two-tailed). For Figure 4D , correlation coefficients for each model were computed for five random subsamples of 500,000 (image, velocity) pairs from the 1,000,000 (image, velocity) pairs in the natural scene ensemble. Figure 4D presents the mean and standard deviation of these five coefficients.
Filter values in Figures 3A and 3B were compared to bootstrap filters extracted from different instantiations of the stochastic stimuli. Specifically, each response trace was used to compute a linear filter against 1000 redrawn stimuli whose values were distributed identically to the true stimulus. This resulted in 1000 filters that retained variability induced by response correlations, but not by the stimulus itself; this served as a null hypothesis distribution, in which the response is uncorrelated with the stimulus. We used new random draws of the stimulus rather than circularly permuting the timing of the original stimulus in order to create more independent null filters, since we did not acquire many frames of data. Values were considered significant if their absolute value was greater than the 10th (p < 0.01) or 50th (p < 0.05) largest absolute value in the resulting null distribution.
DATA AND SOFTWARE AVAILABILITY
The data presented here is available upon request to the Lead Contact, Damon Clark (damon.clark@yale.edu). Software for the models is located at the github repository at https://github.com/ClarkLabCode/ApparentMotionModelingCode.
